This paper models learning by experience beyond the experience curve, including the possibility of ''learning to learn'': the pace of learning increases over time by building on what has already been learned. We compare the extended deterministic learning model with Jovanovic and Nyarkos' [26] stochastic learning. The theoretical models are tested with data on the total factor productivity of a car-assembly plant in its first months of operation. We find that the deterministic ''mixed learning model'', where the speed of learning is equal to a constant plus a learning to learn effect, is the one that best fits the empirical data. The mixed learning model results in a time pattern of total factor productivity growth, first increasing and later decreasing, different from the always decreasing rate of growth of the learning curve, opening new perspectives on the study of learning by experience.
Introduction
Productivity, or the rate at which input quantities are turned into outputs, has received much attention at the macro (as determinant of differences in the per capita income of countries [43] ), at the firm (as explanatory of differences in competitiveness and profitability of firms [6] ), and at the operational level (explaining differences in efficiency and costs across production units [35] ). The bulk of recent productivity research has concentrated on explaining the observed differences in productivity levels across firms within and between industries and countries (Syverson [42] , for a review). Much less is known, however, on what determines the time path of productivity for an individual production unit, even though macro productivity growth comes from the aggregation of efficiency gains at the production unit level.
There are two primary explanations of productivity gains at the micro level. One considers productivity growth as the consequence of a general time trend of technological progress that continuously expands output at rates faster than the growth in inputs. 1 The other explanation is rooted in the learning curve, where the rate of productivity growth is positive but decreases over time (Zangwill and Kandor [48] , for a formal generalization of the learning curve). The first explanation implicitly assumes ''Schumpeterian'' innovation, constantly reinventing the production technology as well as the products and services sold in the market. The second takes the production technology and product attributes as constant, seeing productivity gains as the result of continuous and gradual improvements in the way things are done in the production process. This paper advances the explanation of productivity growth, proposing a general model of learning by experience. The model includes unlimited technical progress and the learning curve as particular cases, but it covers two additional forms of ''deterministic'' learning. The model is formulated at the level of an operating unit, i.e. a production plant, and it is applied to the learning process underlying the observed productivity growth in a car-assembly plant in the first years of operations. The measure of productivity used in the analysis is invariant to the intensity of capital and labor inputs used in production, i.e. it captures the total factor productivity (TFP) of the plant. We do not observe the specific actions taken by managers and workers to improve the efficiency of the production process; rather, we postulate a relationship between the underlying process of discovery and application of better ways of doing things, and the observed track of improvement in terms of measured TFP. In addition, our paper includes a comparison between the proposed class of deterministic models with the ''stochastic'' learning model of Jovanovic and Nyarko [26] .
We find that the learning model that best fits the empirical data is what we call mixed learning, i.e., workers and managers of the plant combine a fixed rate of learning with a ''learning to learn'' capability as more knowledge is acquired. The mixed learning model implies that the results of learning translate into a first period of accelerated productivity growth, followed by another period of decelerated growth, until the maximum level of operating efficiency is attained. This is precisely what we observe in the data. Other learning models, such as the exponential version of the learning curve, and Jovanovic and Nyarko's [26] stochastic learning model, do not capture the S shape in the evolution of TFP over time. Although the evidence is obtained from a single plant, the results of the paper suggest that existing explanations of TFP growth, such as generalized technical progress and the learning curve, are incomplete, and other forms of deterministic learning such as learning to learn or mixed learning should also be considered.
As for the relation of the paper to the existing literature, the theory section of the paper is in line with Zangwill and Kandor [48] , who model the process of continuous improvement compatible with the learning curve [4, 47] as evidence of such improvement. Our paper is different in that we model the process of learning without limiting the results of the process to those compatible with the evidence of the learning curve. In fact, as mentioned earlier, the pattern of performance improvement of the learning curve is one of four possible results in the class of ''deterministic'' learning models.
The learning curve, and in general, learning by doing, has been applied to units of varying complexity, from single machines (especially scheduling problems, [9, 24, 45] ) to plants [1, 5, 39] and firms [46, 31, 32, 6] . The performance measures considered in prior research include cost [47, 48, 39] , productivity [1, 6, 21] , and quality [15] , as well as complex measures such as overall equipment effectiveness [46] . This paper is unique in that the learning unit is a start-up assembly plant, enabling us to study learning at the moment in time when it can be expected to be particularly important. The plant produces a homogeneous output and we have monthly data on the number of cars assembled. The time interval between measurements of performance is short and the effects of learning on performance are observed shortly after management decisions, spurred by what has been learned, are implemented. The monthly frequency of observations assures sufficient observations to estimate the learning model for a total time period when the car model assembled in the plant remained unchanged, as well as the main parameters of the production function different from the TFP parameter. The parameters of the production function are estimated jointly with those that capture the features of the learning process, using the Error Correction Mechanisms [17], which is another innovation of the paper. TFP has been used before as an indicator of the results of the learning process at the firm and industry level, but not often, if at all, at the plant level.
The rest of the paper is organized as follows. Section 2 presents a description of the theories of learning and their respective analytical formulations for empirical estimation purposes. Section 3 contains the application of the theory to the case study of the assembly plant. Finally, in Section 4, we present the discussion of our results and the main conclusions of our paper.
Learning theories and proposed models

A brief review of the literature
There are three main learning mechanisms identified in the extensive literature on this topic [2]. In one, individuals and groups learn from their own experience, refining the procedures previously set as the most effective way to perform the assigned tasks. This mechanism is known as learning-by-experience [4, 47, 3] . In another mechanism, individuals combine repetition with trial and error experimentation, intending to extract information about individual or group capabilities and about their absorptive capacity. This is defined as matching [34, 29, 26] . Finally, individuals learn from observation of the behavior and performance of others, or social learning [20, 33] . The learning by experience mechanism is modeled as a deterministic process, while the matching mechanism has stochastic properties. In deterministic learning, there is an optimal way to perform the tasks, known by all collaborating agents, although internal forces condition the pace at which individuals and groups converge towards the optimal solution. When learning takes place in a stochastic environment, individuals do not exactly know the best way to perform an activity, since the observed outcomes from such a best way must be progressively inferred from a noisy signal.
Organizational learning and its translation into higher performance of firms, i.e. cost, productivity, quality, profits, and the like, has been extensively studied in the operations, management and economics literature. The research strategies vary. At the highest level, researchers see organizational learning as an endogenous resource depending on factors such as the absorptive capacity of the organization [14, 19] , the organization's culture [38] , and the transfer mechanisms from one part of the organization to the other [13] . At one level below, research on learning looks at the entry to the market of new ways of organizing work and of managing those involved, and investigates the rate at which innovations are adopted and diffused among firms, in one or several industries. 2 In this vein, certain studies go one step further and investigate the link between the adoption of new forms of work organization and human resource management practices, and the observed operating and financial performance of firms. 3 Another line of research focuses on the measurement of firm performance over time (productivity growth, for example) and explains performance as a function of some modeled learning process. Most of the research on the learning curve referenced above follows this approach, and it is our methodology in this paper, with TFP being the performance measure used to track improvements.
Deterministic learning models
Let Q ðtÞ ¼ AðtÞFðK,L; tÞ be the production function that summarizes a state of knowledge, at a moment of time, of the production of a good or service, in our case the assembly of cars. Q(t) is the output flow in period t; K is the level of capital input services; L is the level of labor input services; t refers to the time period, and A(t) is the total factor productivity parameter measuring the level of operating efficiency in period t. The learning models considered explain the time evolution of the TFP term A(t) for cases where the other parameters in FðK,L; tÞ remain constant over time (the time variable t applies only to input quantities). This is a standard assumption in studies that explain TFT as a result of learning by experience, where it is additionally assumed that the parameters inFðK,L; tÞ are the same for all plants and firms (see Balasubramanian and Lieberman [6] for example). We believe that the assumption is appropriate for our empirical analysis, since our data come from only one production unit, 
